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Abstract

Defects experienced during construction are costly and preventabtvever, inspection
programs employed today cannot adequately detect and manage dbédctsccur on
construction sites, as they are based on measurements atdpeatfons and times, and are not
integrated into complete electronic models. Emerging sensinohdlgies and project
modeling capabilities motivate the development of a formalism daatbe used for active
quality control on construction sites. In this paper, we outline aepsoof acquiring and
updating detailed design information, identifying inspection goals, itispeglanning, as-built
data acquisition and analysis, and defect detection and managemertdisatss the validation
of this formalism based on four case studies.

Keywords: Quality control, construction inspection, sensors, laser scaringrated project
models, object recognition

1. Introduction

Current approaches for quality control on construction siteaaras effective as they could be
in identifying defects early in the construction process. Aasalt, defects can go undetected
until later phases of construction or even to the maintenance phaeetsDehen detected late,
can have costly ramifications. It has been noted that sixdivévpercent of construction cost is
wasted due to rework of defective components detected labe ioonhstruction phase [1][2][3]
and five percent of construction cost is wasted due to rework aftdefeomponents detected
during maintenance [3]. Twenty to forty percent of all thesedefects can be attributed to the
construction phase [3].
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According to [4], fifty-four percent of all construction defecte gelated to human factors such
as unskilled workers or insufficient supervision of construction workirthErmore, twelve
percent of construction defects are due to material and syatlemes [4]. These statistics all
suggest the importance of inspection for achieving higher construction qualagdition, it has
also been identified that careful inspection during construction isobrtiee most important
factors in preventing structural failures during construction [5].

The status of the work in place at construction sites chaogesnuously as construction
projects evolve over time. Current surveying and quality conpptcaches are not effective,
since they only provide data at specific locations and timespi@sent the work in place, and
the data generated are interpreted manually and are not iategtattronically into the project
design and schedule. Consequently, project managers do not get completecarate
information about work in place. This limits their abilitiesetsily identify and manage defects,
and actively control and manage construction projects. Frequent, etemphd accurate
assessment of the status of as-built conditions at constructian isiémtification of critical
spatio-temporal and material quality related deviations of worklagce, and assessment of
whether these deviations constitute defects during a constructiostpamenecessary for active
project quality control.

Recent advances in generating 3D environments using laser scanning teelsnaladjiacquiring
guality information about built environments using embedded and othemcatl/aensors create
an opportunity to explore the technological feasibility of frequegtyhering complete and
accurate three-dimensional and material quality related asedatd. Laser scanners are being
utilized to collect 3D geometric as-built information for renovatiogtrafit and expansion
projects in industrial, commercial and heavy-civil sectors of tcoctson, and a set of these
studies suggests some cost benefits of using scanners for qualitpl purposes [6][7][8].
Embedded sensing is also being adopted by various owners for amstesbiguality of cast-in-
place concrete. According to a survey of American state thegiats of transportation in 2000,
thirty-two of the forty-four respondents indicated progress in bgyetsng the sensor-based
maturity method for their quality and project control purposes, amtieehi had already
developed a protocol for its use [9].

Over a decade of research on integrated project models and cusagg trends in the
Architecture/Engineering/Construction (AEC) industry have shown ghaemantically rich
project data model, combining multiple project participants’ views,stgpport various project
management and facility management functions [10][11][12][13]. piusides an opportunity
to integrate as-built data collected from laser scanners amedeied sensor systems with
planned design and schedule models to assess whether there arantgeriations between
as-designed and as-built conditions.

Our research has shown that current sensing and scanning tectsatajimodeling approaches
are technologically advanced, but the usage of them should be capfuihed and the data
collected from them should be carefully analyzed in support of thieedetask. There is a need
for developing a formalism for utilizing these sensing and scanrgofnologies and for

analyzing the data collected. Our approach includes utilizatigrief design, schedule, and
construction specification knowledge to determine what sensors whese and where to locate



the sensors to enable efficient and effective data collection caohdlyze the as-built data
collected from these sensor systems to detect construction defects [14].

In this paper, we provide an overview of a formalism developed fareactinstruction quality

control using sensors and integrated project models. The focus frthalism has been to
leverage the technological advances in the automated data camaré\& have tested the
technological aspects of this formalism on four construction job aitel in the last section of
this paper, we describe our validation of the technical feagibilithe formalism by conducting
retrospective and concurrent cases at these four sites.

2. Background research

Automated quality control approaches developed so far have mosthedfbonsstreamlining the
document management process associated with quality assuranceadityd nganagement on
construction sites. Riley and Pickering have suggested an aatbtogal quality management
system composed of quality assurance process, form libramteseport management modules
[15]. Similarly, two of the previous research projects focused wal@@ng a computer-based
implementation of ISO 9000 and 9001 guidelines on how to structure andvationes quality-
related information and documents such as inspection and test plam#idgg templates
generated by the systems developed [16][17]. These systems paoiidealism that enables
contractors to implement ISO guidelines; however, they have nhtdett an approach that
leverages automated data capture technologies for creatingamashirey about as-built models
during quality control processes.

Laser scanners are proving to be effective for capturing ei@taid spatial data in order to create
3D as-built models. Cheok et al. demonstrated how LADAR (Lasé¢arie and Ranging) can
be used for construction progress monitoring by focusing on and devekpiagproach for
excavation work [18]. Their approach included generating and angliairain models based
on the data collected from LADARS to assess the progress atawation activity. Kwon et al.
developed an approach that fits range data to geometric pemgb that 3D as-built modeling
can be achieved rapidly [19]. This approach utilizes sparse moigé clouds and targets
increasing the efficiency of processing the data collecteddble real-time field applications.
Kim et al. have developed a laser-based aggregate scanningytechuilizing scan data to
automatically identify sizes of stone aggregates [20]. Inrdssarch, they have transformed the
3D laser scan data into a 2D image format and utilized technslafgieeloped for digital
imaging for assessment of the volume of an aggregate. Thesecteprojects demonstrate the
applicability of LADAR technology to the assessment of as-lmahditions on construction
sites.

Embedded sensors are also beginning to be used effectively on cimstsiiets to collect
quality-related information. For example, Goodrum et al. completegilot study using
embedded temperature sensors and data loggers to enable the usecarictlbée maturity
method to predict concrete strength for cast-in-place compofenas industrial facility [21].
This study showed that data collected during inspection could betasecelerate construction
by providing frequent measurements of components as they cureingesultower labor costs



and a shorter overall schedule. It has also been shown that embedsieddeployments enable
improvement in construction quality control and quality assurance. Ronge, Inaudi et al.
used multiple embedded deformation sensors in a concrete bridgdofilespect strains
experienced during the curing process, and secondly to monitor theetoegation and bending
experienced during a six-hour staged relocation process to ermsirehé bridge did not
experience damage as a result of the move [22]. Embedded seesalsoansed in long-term
monitoring of such properties as acceleration, vibration, and acoustssi@ms well after
construction [23]. These research projects and field tests deatentitie applicability of
embedded sensors in varying sized deployments and for time periods varying fraim yEais

All of these research projects demonstrate that laser scaanérembedded sensors can be
applied effectively in a wide variety of construction site condgiand in varying durations of
deployment. However, additional development is necessary for pregaringvoiding, and
reacting to technology failures, such as crimped wires and deeréiata loggers. Additionally,
while considering frequent inspection of as-built conditions usingtyeadipture technologies,
one must consider the upstream and downstream process implicatiamspection timing,
frequency, level of detail, and personnel commitment, such as modehad46]. We have
built on these previous research studies in applications of reapiure technologies on
construction sites to develop an approach for inspection planning that dépésgs sensor
technologies and for interpreting the data originating from tlsesesors for assessment of
construction quality.

3. Overview of the approach

Figure 1 describes the overall ASDMCon (Advanced Sensor-baséttDManagement on
Construction Sites) approach and different modules that make it li@.afgproach consists of
modules that enable acquisition and update of the design and scheduhaiiio, modules that
enable inspection planning and collection of as-built information based on that plan, and modules
that analyze the as-built information from a quality control petsgec Some of these modules

are commercially available (highlighted as dashed-lines infithwe) and some of them are
developed within the research effort.

In terms of commercially available systems, we have used @Athi8.0 in creating the as-
planned product model. For data collection, we have utilized two diffdypes of laser
scanners and various types of temperature sensors. The lasersdhat we utilized include a
commercially-available Zoller + Frohlich LARA 25200 (Z+F scannand a research test-bed
composed of two actuated SICK lasers (CMU scanner). Both ge@&aieint clouds as their
output. We have conducted experiments with commercially avaiabbeddable sensors such
as thermocouples and thermistors produced by intelliRock, Con-Cure, and Microstrain.

As Figure 1 shows, our approach for active project control and managemilezes a core
"living" (continuously updated and maintained) project model composed o&maseul, as-built,
specification, and defect models. The as-planned model includes praddicpracess
information obtained from design and scheduling software systems eprdsents that
information in an integrated manner. Specification modeling enabfdsiring the construction



specification information and representing them in a computepnetable way within the
integrated project model. The as-built model contains product and piofe@ssation based on
the data collected from a construction site. Finally, the defemdel contains any product
related deviations identified between as-planned and as-built models.

Inspection Planning

is’éﬁ’é’al’jl’ew Inspection | .
; ; | planning 3
Acquiring /Updating isoftware — system Laserscanner
design and schedule i §_y§§_e_m_“ T %\ '
information / Yigi  id 4 R
) :II:I : -ql'(' Fd
Ry ” O
Specification oy | L‘\\ %
Modeling \Tolerance= /’mw’ng o F - }
System | 23|ttt [IS500 Coliecting en bk
e information
\ As-Planned As-Built ' R
~ CAD Model Model | -7 Embedded |
. software g Y Tp . sensors
__system _ {"--- - | e P ri! " "" |
desligned Defect Spec|f|cat|on "
RRIITD Model Model /
defectwé‘i'f’
column H /
/.! by
= misplaced Deviation
Defect identification column datsetisn
and assessment 4 —
system T .

Identifying and
managing defects

Figure 1. Overall approach for sensor-based quality control

This quality control formalism implemented in this researchcosnposed of five major
processes: transforming the design model, identifying inspectiors,gpl@nning inspection
activities, collecting as-built data, and analyzing data for tyuabntrol (Figure 2). The first
process transforms a given design and schedule models to aneaitiah as-planned project
model with multiple views necessary to support the subsequent mecethis project model,
together with computer-interpretable representations of construgimifisations, is utilized to
identify inspection goals. Information goals are utilized for in8pe planning, during which
inspection methods are identified based on the available sensinmsyate their properties.
With inspection methods selected, sensor locations are optimizechspettion activities are
created and added to the project model. This information is osgdide the collection and
analysis of as-built data. Analysis of as-built data inclial@giment of data collected from
multiple scans and recognition of objects within the scanned d&tese help in generating an
as-built model that can be compared to the as-planned model tdyidktiations. Once the
deviations are identified, construction specifications are reasotedondetermine if any of the
deviations constitutes a defect. At the end of these five meges project model that integrates
as-planned, as-built, and defect information is generated. Whesmewastruction defect exists,



it into the next version of the design. Hence, the overall processenlih the circle shown in

further actions might need to be taken to correct the defetr(irs of rework) or to incorporate
Figure 1 and 2 continues until the completion of a project.
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The following sections elaborate further the five processes shown in Figure 2.



3.1. Transformation of the design model

Previous building product modeling research efforts have focused on proaduesign-
component view of a building project. Many researchers [24][25}§26F identified issues of
product model progression and elaboration; these become important widfiettemt product
models become incorporated into a project model in a construction pr@&ass.project models
support the exchange of engineering and other design informationomgkraction information,
such as specifications, and support advanced planning and monitoring during construction.

The transformation of a design model into a project model involves decimposf
components. In a previous research, Fischer and Aalami (1996) defirdthmsens that
transform a design-centric decomposition of a product model into odugion-centric
decomposition [27]. Their approach included three sets of trangfon®sa(i) the introduction
of temporary structures, (ii) the refinement of components, suchals, slabs, beams and
columns etc., and (iii) the aggregation of components. These threenisechavere triggered
by or closely related to a construction schedule and a set of wdnsir methods utilized.
Additionally, the transformation of a design model included other conmglationships with a
construction process. Akbas and Fischer (1999) pointed out that shiengtips between
components can vary in different views over the life cycle ofpitegect [28]. It is clear that
whenever there are changes to the product model caused by tratgfosmesulting in new
components or new inter-component relationships, the underlying represemiaéds to be
updated.

The mechanisms defined by Fischer et al. (1998) [11], make thenselis each product model
transformation explicit. Therefore, new product models suitabla farticular set of tasks can
be generated, and the resulting specific product models can beinsintdnenever design and
construction methods change. While these previous approaches die sunthcan generate the
necessary changes in a product model for the purposes of taechedescribed in this paper,
maintaining a product model at a desired perspective and leddtaif throughout the design
and construction process, without explicitly defined and implemented prochaclel
transformation mechanisms, can be cumbersome. Knowing that &y \@riengineering tasks
require multiple viewpoints, each distinguished by particular inter@sd emphases, there are
multiple representations for certain components in the project modibe transformation
mechanisms can be implemented at the database level, withsgtafications from the user.
The research described in this paper incorporated such an approachsaaf¢29][30][31],

for transforming project model objects as needed by a partsetaf engineering tasks, such as
inspection planning and deviation detection.

“Sorts” provides an approach to defining representational strudhieegnable these structures
to be compared based on the scope. “Sorts” also presents a urpfmeach to manipulating
data structures. Individual sorts are class structures igehtify compositions of properties.
Propertiesare named entities identified by a type specifying the set of possibles. These can
be composed or grouped using one or more constructors. Currently, twoucikonstrare
considered: subordinate and disjunctive coordinate compositions of prop&uigisermore, the
ability to alter a representational structure by changesotopositionalsortal relationships



facilitates user definition and redefinition of and within the regmm&sgtion. More information on
this “sorts” approach can be found in [29][30][31].

3.2. Identify inspection and measurement goals

To perform sensor-based quality control, it is critical to know wimatnspection goals are, i.e.,
what components and attributes of components need to be inspected wittacohedcy
Determination of inspection goals is a first step towards tleets@n of appropriate inspection
methods and technologies. With the technologies in mind, the appropdaagim@ment goals,
i.e., what measurements need to be made and with what accuradye camived from the
inspection goals.

Construction specifications for a project serve as a major kngeledurce for identifying

inspection goals. These specifications describe the quatjtyreenents for the construction
project and, as such, state allowable performance toleranctgefoonstructed products. This
information can be directly translated into inspection goals. Howéveris too tedious to be
done manually due to the large number of construction specificationarthapplicable to a

construction project. Therefore, this process needs to be automated as much &s possibl

To enable the automation of the inspection goal identification, cmtisin specifications need
to be represented in a computer-interpretable form. In thisrobseae have developed a
representation of specifications usiogntexts requirementsfeatures attributesandbehaviors
to support both automated inspection goal identification and automated cbhostrdiefect
detection [32]. For inspection goal identification, domtextof a construction specification can
be evaluated to identify a set of components that are possiblgdataia given specification.
The requirementof a construction specification restricts the applicability hedf specification
further by imposing additional requirements that are bound to attribtigsecific components
or behaviors of features. If a specification’s context and reqairesvare satisfied, the attributes
and features, together with their corresponding tolerancedddrgg a given specification, are
determined. These features and attributes of a component and #sponding tolerances are
then represented as inspection goals for the components associated with thategiNieatson.

Knowing only the inspection goals is not sufficient. It is alsecessary to know the earliest and
latest times that inspections can be performed. With tempdoaiation available based on a
given schedule, it is possible to identify windows of opportunitygerforming inspections.
This temporal information further elaborates the inspection geakigéon. When determining
the windows of opportunity for inspections, one can identify the si@e¢s of construction
activities related to a given building component and assign thatasihe earliest time that the
component can be inspected. In addition, some specifications requiretimspeof a
component to be performed before other components are to be buitostncases, retrieving
the installation times for the succeeding components from tiedate helps in defining the
latest time when an inspection can be performed. Thus, windoagpoftunity for inspection
goals can be determined automatically using the underlyingratesl as-planned product and
process model, and reasoning about the construction specifications. Whebk®evs of
opportunity should be determined periodically every time as —plannedbaoiilas updated and
should be linked to the as-built schedule.



3.3. Inspection planning

Given inspection goals, and the desired accuracy and timeframe aricly they are to be
addressed, one can then select appropriate inspection methods and ne&esdalbout which
technologies to use for data collection functions, such as measureorantuynication, memory
and power, and when and where to use these technologies such that daplogets inspection
requirements effectively. First, it is necessary to identigpection methods that may be
appropriate for a given inspection context. This process, identifig@8jnrequires determining
if an inspection goal is refined sufficiently to be matched tolavia inspection methods,
reasoning with contextual information, such as weather, in ordesfitee rgoals further, and
heuristically matching goals to methods by reasoning with thébwtts to be inspected.
Inspection methods are then applied to generate inspection astauitte to select inspection
technologies such as sensors. Once the inspection technologide@szlseensor locations can
be optimized to ensure adequate coverage of the area to be insfdwtexklected set of sensors
can be deployed to the optimized sensor locations to make the remessdirements. As a
result, sensor deployment is integrated into the project modelsparating as-built and as-
planned design and schedule.
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Figure 3. Process model of inspection planning

3.3.1. Identification of inspection methods

Goals for inspection may be addressed by multiple types of in@pentthods, each requiring
different inspection technologies and tasks. In order to makemefl decisions about an
inspection to be performed, it is necessary to consider the olmgessible inspection methods
that can be applied in order to satisfy the goals for inspection.

Inspection goals might not be represented at a sufficient levaetail to select appropriate
inspection methods, in which case the goals must be refined. Thibertagcause a goal is not
defined based on measurable attributes, or because no inspection mettzoldlide to address a
given inspection goal. Information about the context of inspection casdekto guide how an



inspection goal should be refined. For example, in a hot-weatherxtootacrete quality

should be evaluated based on durability, compressive strength, wibykambd temperature.

Given a fully refined goal (i.e. one that can be addressed by pectien method in a given
domain), it is possible to identify various methods capable of adudgete goal, and generate
inspection plans. Inspection methods are identified by reasoningthethattributes to be
inspected and reasoning with the constraints on how inspections areé&rftrened, such as
constraints on the duration or destructiveness of inspections.

3.3.2. Optimization of sensor locations

It is expensive to provide sensor coverage for areas that do auaterdrequent or even
occasional inspections. Instead, it is necessary to optimize seEmdmyurations for the highest
guality data collection, while minimizing cost and time to acqthie¢ data. Three-dimensional
laser scanning is a relatively costly process, as it tikesto set up the LIDAR sensor, take a
scan, and visually verify the data. In order to minimize thetlemd interruptions to the
construction process during data collection, the fewest number of sbant&d be used to
achieve a desired set of measurement goals. Furthermdne, nietessary data is captured in
fewer scans, it may simplify the data analysis process later, aisHess data to process.

Finally, different inspection goals may have different scanneguirements. For example,
checking alignment of an anchor bolt may require a high scannialyitiea while confirming
relative position and orientation of walls and columns requiresrathea captures information
over a wide area. Another goal of scan planning is to ensuredaas achieve the required
resolution or data density, and that multiple goals will be capiaréie same scan if possible.
As a result, the user needs to designate which measurementrggslbe captured in the same
scan in order to fully meet certain inspection goals.

Inputs to the scan planning process are the as-designed modéiefarutrent stage of
construction, the scanner specifications (based on the scannetedetkring inspection
planning), and the corresponding measurement goals. Outputs are raal gati of sensing
locations and scan angles to achieve the given goals, and a motidipatla) to travel between
sensing locations.

The first step in scan planning is to group construction measurenoalg mto clusters,
simplifying the planning space in order to reduce computational coitypleior each cluster,
the planner generates the space of potential sensor placememtgetof information goals and
selects a minimal set of subspaces to take advantage of tiatvsan achieve multiple goals
simultaneously. Sensing locations are chosen that maximizeegbkititon achieved for each
goal, and a path is generated to minimize the transit costbetthe various sensing locations
within each cluster. Finally, a path that minimizes the traost between sensing locations is
generated. At various points in the process, relevant data  savkat it can be reused should
the plan need to be updated. Further details on scan planning are described in [34].
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3.4. Data collection

Based on the inspection methods identified and the optimized scawcaéohs, one can start
collecting data on a construction site. In this research, dalectooh efforts included two
different types of scanners to collect the geometry infoomatand three different types of
temperature sensors to assess the strength of a cast-ircqitecete in various construction job
sites.

We have experimented with commercially-available Zoller + kFeBhLARA 25200 (Z+F
scanner), and an internally developed scanner (CMU scannelh).s@amtners generate 3D point
clouds as their output. The Z+F scanner has a 360 x 70 degreeffieélv and a 25.2 meter
maximum effective range. It has a data rate of 120,000 sapgiegcond, acquiring an 8000 x
1400-pixel scan in ninety-three seconds. Each point in the scan coatéifteen bit range
measurement and a sixteen bit reflectance value. The noise @Enggemeasurements is zero
mean Gaussian with a standard deviation of 2.67mm for a 20% reflsctiface at thirteen
meters. The Z+F scanner has the advantage of delivering 3@tdatay high resolution in a
reasonable amount of time (Figure 4a). For example, at a odrtige meters, a surface will be
sampled on a grid with 9mm spacing. The CMU scanner consistsI&Ka(BMS 291) laser
line scanner mounted on a panning mechanical actuator. It has a 130gi€® foed of view
and acquires 800x400 pixel range image in approximately 10 secondsn #eters, a surface
will be sampled on a grid with 4cm spacing- about a fourth ofhéas resolution of the Z+F.
The noise in the CMU scanner’s range measurements has a gtded&tion of 6mm for a
surface of thirteen meters. The maximum range of this scasreghty meter. The CMU
scanner is much faster than the Z+F scanner in acquiring asdmalitions and provides sparse
scanning as a possible way of collecting the data (Figure 4gureF4 shows the scanned data
of a column footing obtained from the two scanners.

It is important to understand how sensor resolution and range act¢raashate into the ability
to detect construction defects. For example, can the Z+F sodeteet a column that is out of
position by 6mm? The answer depends on a number of additional fagtorsllibe underlying
sensor accuracy, including measurement goal type, object sifaceswrientation, and even
surface material. Some measurement goals, such as deterthimitaration of anchor bolts,
require point measurements, while other goals, such as determinipthiegness of a column,
involve measurements on relatively large surfaces. The agcofaarea-based measurements
can be much higher than that of the individual sensor measurements ebeedasfitting
methods, such as plane fitting, will average out the single nexasut noise, provided that it is
unbiased. Obiject size also affects the accuracy of areaureeests. All other things being
equal, the plumbness of a six meter column can be measured mawedgchan that of a three
meter column because twice as much surface area can be uskd fdane fitting. Surface
orientation affects measurement accuracy due to reduced resodftiobliquely viewed
surfaces. For example, the side of a column viewed from @ dedree angle will have a
resolution half as dense as the front of the same column vievaghston. Finally, surface
material can affect measurement accuracy. Dark-cokuddces absorb laser light, resulting in
noisier range measurements. At the other extreme, highgctieg# surfaces, such as polished
metal, can act as a mirror, resulting in an incorrect range measurementneasurement at all.
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obtained from the Z+F scanner obtained from the CMU scanner

Figure 4. Data acquired about a column footing from two different scanners

As can be seen from Figure 4, the data collection process arestthetion of the data collected
can be quite different based on the scanner utilized. The quantiity nfeasurement goals for a
given scanning session and the detail and accuracy required fornmesagurement goal
determine the choice of scanner. For example, if one needs to hawWedddata about anchor
bolts, a higher resolution scanner placed close to the location of bjestterest might be
needed. On the other hand, if one needs to know the locations of adanger of columns in a
row, a scanner with lower resolution and higher range located fuaiveey from the component
might suffice. These experiments further demonstrate the neddrfoally identifying the
measurement goals, the corresponding inspection methods (which includehdive of
technology to utilize), and for optimizing scan locations prior to actuolata on sites. Other
lessons learned associated with utilization of the two lasemsecs on construction sites include
the difficulties of moving the equipment over rocks, mud, and tempowsiohed materials on
the site; the need for power to run this equipment; and the imptut ektreme temperatures on
the performance of the sensors [35].

We have also experimented with various commercially availableedded temperature sensing
systems. We selected systems that differ from each athterms of whether communication,
computation, measurement, and data storage functions were perforniteql imsitu/mobile, or
ex-situ. Initial experiments showed that requirements of suppod#nsing system
technologies, such as the amount of data storage, must be designqubto aumspection task
as well as to accommodate the uncertainty in timing of asctgin operations [35]. Further
experiments with embedded sensing have focused on identifying dishimguifactors in
decisions related to selection and use of sensing technologies.

3.5. Data analysis for quality control

The as-built data collected from construction sites using senstensy needs to be further
processed to enable automated analysis for quality controlireFigshows a process model of
the as-built data analysis process for automated quality coriteder scanners provide point
clouds in local coordinate for each scan location. To have a completestandeng and

assessment of as-built conditions on a construction site, the indigicluas need to be aligned
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with one another — a process called registration. The registaatd provides a more
comprehensive 3D model of the site. However, it is still ipoant-cloud form. Object
recognition provides a way to identify objects from a scene aretse engineer the objects
identified to highlight and represent the as-built conditions of the building compavigritsthe
as-planned model in an object-oriented way. At the end of objecti@oogan object-oriented
representation of as-built conditions is integrated into the projedeim Once an integrated as-
planned and as-built model is created, the data from both models campared to identify
deviations and to assess whether any of the deviations identifiesitet@s a construction
defect.

Sensor

specifications
|
Raw As-
built data
el Register data
Project Mode A51| Registered
data
Semi-automatic |—. .
pairwise and multiview Recognize
registration objects _‘ Construction
AB2 || tegrated Specifications
I;c Project and |
Object recognition  As-built '

Reverse engineering  model
Detect

Deviations | |
A53| Integrated
f Project

Identify deviations Model with

Integrated project

between design anc Deviations ——=model with as-built
as-built model information
L Detect defects
List of deviations
i and construction

defects
Identify related
specifications
Identify construction
defects

Figure 5. Process model of data analysis for quality control

3.5.1. Registration

The as-built data obtained from the laser scanners are ifortineof 3D point sets known as
point clouds. The point cloud from each scan is represented in thedocdinate system of the

scanner, which makes it impossible to perform direct comparisdhstive as-designed model
for defect detection and analysis. Therefore, it is necessatjgn all of the scans in a common
coordinate system — a process known as registration. Furthermaotelltatively registered as-

built scans must be registered with the as-designed model to eeablse engineering and
deviation detection.

There are a number of established methods for registering 3Dchmids. First, the sensor can

be augmented with a pose estimation system that records thersaoséion and orientation
for each scan [36]. Second, the environment can be augmented withrandkewn as
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fiducials, with known locations, which are then detected in the 3Datataused to aid in the
registration [37]. Third, the scans can be manually registesedxémple, by specifying two or
three pairs of corresponding points in two scans [38]. Finally, atemhmethods based on
computer-vision algorithms can be used to automatically regise/s without any knowledge
of the scanner position or orientation [39].

Currently we use the manual registration method, with the goadigrfating to the automatic
registration method in the near future. Our current automegjistration algorithms require
approximately fifty percent overlapping data to succeed. The m@drgtion of the algorithm
will be extended to handle a lower amount of overlap that is didigtéte need to minimize the
total number of scans collected.

Once the registration of pairs of scans is accomplished, a sesgsttation phase involving all
of the scans is necessary. The process of sequentialljeremjsa series of data sets leads to
accumulation of error, and the resulting model will not be geocadliiriaccurate. This error can
be eliminated by simultaneously registering all the scanproaess known as multi-view
registration. Several multi-view registration algorithms héeen proposed [40][41][42].
Neugebauer’s algorithm [41] has proven effective in our work.

Finally, the as-built model must be registered with the agmdedi model. This problem is
identical to the pair-wise registration problem described abovethenefore, the same methods
are applied.

3.5.2. Object recognition

Once the as-built model is constructed and registered with the as-dasigdell it is possible to

perform quality control analysis. However, since the as-built misdel the form of a point

cloud, this analysis must necessarily take place at the |dewesdt(i.e., raw point data). We
hypothesize that more effective analysis can be accomplishidtbgr processing the as-built
data to enable comparisons at a higher level. Object recognition serves this pyrpasading

a bridge from the low-level point data to a high-level component.|levet example, given a 3D
model of a column, that column can be detected in the as-built datds gasition determined

through the use of object recognition.

Previous research in 3D computer vision has demonstrated the tbdigyect and localize free-
form objects within 3D scenes [43][44][45]. The key to this technoisglye use of local shape
descriptors, which encapsulate the surface shape of part3»bhject model to be recognized
(the query model). The same shape descriptors are then comppo@atsatn the as-built model

(the scene). Descriptors for points on the target object in #meeswill be similar to those

computed for the query model. Once the object is recognized, the mgatigscriptors can be

used to determine the pose of the query model in the scene.

This basic object recognition approach has been applied to riggdteppnd more recently to
articulated objects. Currently, we are working on symmetryysisaas well as extensions to
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enable non-rigid objects to be recognized. In particular, we afdangeways to allow
recognition of parametrically defined query models, such as a column with vémeadpe.

3.5.3. Deviation and defect detection

Identifying spatial and material quality related deviatiossthe first step in discovering
construction defects. Identification of deviations can be accompliBlyedomparing the
processed as-built data obtained from sensors to the given desigh e a deviation is
found, it can be evaluated based on related construction specificatideetmine whether the
deviation identified violates any specification and thus constitutes a cdimsirdefect. If this is

the case, corrective actions need to be planned and implementexsoluer the defect.
Identification of deviations is also important in preventing theuoences of defects. If a
deviation between the design and the as-built conditions is known, this knewtaggbe

incorporated in the planning of succeeding construction activities tal gvopagation and/or
amplification of the deviations which could result in defects [6].

The research project described in this paper incorporates a maeel-daviation detection
approach which assumes that all as-built and design informatiopreseated in the integrated
project model. The as-built information integrated in the modegliyeis extracted and derived
from the raw-data received through the deployed reality-capttesigiologies. The raw-data is
also linked to the integrated project model, so that no loss in dagésaution occurs. Within
this model, the approach compares the design information to thedraktauilt information to
identify deviations. A simple comparison of the values of the atasbot the objects within the
as-built model to the objects within the design model is not feasitbe the representation of
the design information and the representation of the as-built iafmmare likely to differ in
their structures. The differences can stem from differamideof detail of the data, different
levels of hierarchical decompositions, and differences in the acpe¢sentation of the same
information resulting from the flexibility of the project modeleds[32]. Thus, a one-to-one
comparison of design and as-built information is not appropriate.

Instead, a feature-ontology and attribute-ontology based deviationioletapproach is needed.
Ontology for features and attributes developed from constructionfispgons enables the
development of a deviation identification mechanism that is not depemaém structure of the
information representation within the integrated project model. ik d¢hse, the deviation
detection mechanism searches for deviations in the featurestaindies. However, additional
mechanisms need to be implemented to extract the relevanefastilvute from the underlying
information representation in a given integrated project model. t®thee possible repetition in
the structure of the information representation in the integrate@gb model, many of the
feature extraction mechanisms are reusable for differenttshje the model. If raw as-built
data is available and linked to the integrated project model, usasl for comparison to the
design information extracted from the integrated project modeldml @ny loss of information
resolution. Any deviations found will then be mapped to the respecawarés and/or attributes
defined in the ontology. For example, deviation detection based on scanneulldetenpare
the raw point clouds with the design information. The deviations founthanemapped to the
specific features or attributes, e.g. surface-deviations oridoedeviations, of the affected
component.

15



Since the deviation detection will be performed frequently throughout the coiwstrpicicess, it
is expected that the as-built part of the integrated modekhalhge over time and will achieve
its highest level of completeness only when construction ishBdis Thus, comparing design
information to as-built information will not always be possible, sias-built information can be
expected to be missing. Therefore, the deviation detection meohaeeds to reason about any
scheduling information available in the design part of the intedjjateject model to identify
whether a component is expected to be built at the time of thetidaviketection or not. If a
component is scheduled to be built at some later point after tkeofithhe deviation detection,
the as-built information of the component can be expected to be misBimg, the component
does not need to be checked for deviations yet. It might also happérethatbuilt information
of a component is not available in the integrated project model, boegh the component is
expected to be installed. In that case, the system will poirib dlué user that the information is
missing and ask the user to provide the missing as-built informatimnupdate the schedule to
reflect the actual delay. In certain cases, parts of thgrdedormation might be missing since
the design might not be detailed enough, for example, to graphidadly the geometric
representation of an anchor bolt. . If such information is needelddateviation detection, the
user needs to intervene to update the integrated project model bgipgowiore detail on the
design information. The user can choose to provide the missing infornaatidrhe/she finds
that providing the information is too tedious, continue without providing thennaftoon. He/she
will then be notified later about which checks could not be performddnadich specifications
could not be tested due to the missing information.

The deviations found need to be further processed in relation to theucting specifications to
assess whether a deviation is a defect. The evaluation ofidesiagt done by comparing them
to the targeted quality standards, expressed in construction spmifs; for the related
components. This process utilizes the construction specification medebped for generating
inspection goals and compares the amount of deviations to the correspafidingble
tolerances defined in specifications. If a given deviation elsctee allowable tolerance, then it
constitutes a construction defect and thus further actions need teheddeacorrect the defect or
to incorporate it into the next version of the design. Both of thetsena impact the as-planned
model either with addition of rework activities in a given scheduleodifications in the design
model.

4. Validation

We have performed case studies at four different constructiontgsh €1) a 1,000 square foot
footbridge, (2) a 36,000 square foot one story warehouse construction (6)g¢8¢ a 50,000
square foot one story office and production facility (Figureaiy (4)a 133,000 gross square
foot nine-story commercial construction project with five floors dtirce space above a four-
level parking garage (Figure 8).

The comparison process between as-designed and as-built modetgdhat the as-designed

model be presented at a comparable level of detail to the taserexl as-built model. In order
to compare with the geometric features, the as-designed model needs to-dertaresgonal and
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highly detailed. We created 3D design models of the projects farithe start of the data
collection and data analysis processes. Figure 7a shows an exdmp8) model created for
the Case Study site #3. These 3D models were very detaitedure due to the fact that some
construction specifications were targeting detailed objects hand lbcations. Figure 7¢c shows
the initial 3D model created for a column and 7d shows the corresporsdingltadata collected
form the site. We periodically hired undergraduate students ateciteese 3D models. For case
study #2 (Figure 7), one undergraduate student spent about twenty hoursfarvweeksemester
to generate a highly detailed as-designed model, including feteets, x-bracing, corrugated
siding, etc. In this case study, the available design informatere 90%-complete design
documents depicted in 2D blue prints. Starting with a CAD model waogitdfisantly reduce
the generation time for 3D models.

Once the 3D design model for each project was created, wedspainning for the inspection
and data collection operations and visited the job site periodicatipltect the necessary data.
Depending on the construction activity and the corresponding datatileeeds, we averaged
about one to two weeks between data collection visits. Eachcdbggtion visit produced
twenty to seventy scans. Each scan took approximately one to twesjianot each relocation
between scan locations took approximately three minutes. Embeddéuysdsuis collection
duration ranged from hours up to one month. Further detail on case estpesiences and
technological and process assessment of using these for frequlenilt aassessment are
documented in [35] and [46].

Figures 6, 7 and 8 show examples of the data collected from difi@wastruction sites. While

Figure 6a shows that an uncluttered site can be measured wigé@hscan from one location,
Figure 7c shows that a moderately cluttered site can bsumeghin approximately thirty 130°
scans from twenty locations. Figures 6b, 7d and 8b show up-close vigvesdzta collected by

focusing on data collected on individual columns at a given job site sse$sang whether the
data captured from laser scanners could be easily associatedheilower level objects

modelled in the detailed 3D design models. The images in Figame 8 show the intensity data
generated and collected using the higher resolution Z+F scanneg, tnilmages in Figure 8
show point cloud data collected by the lower resolution CMU scannar.ag3essment shows
that while higher resolution scanners are needed for identifyidigr@asoning about higher
levels of design information represented in the 3D design model,asuahchor bolts, to get a
quick assessment about the locations and the shapes of major compaénts, solumns and

beams, the lower resolution scanners would suffice.
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Figure 6b.

Figure 6a.
Figures 6a and 6b. Scanned data from the Case Study # 2.

Figure 7a. Initial highly detailed 3D design model of the site Figure 7b. 3D design
model of a column

NP

%
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Figure 7c¢.3D as-built data collected from the site Figure 7d. As-built of
the column shown in 7b

Figure 7. 3D design model and as-built data collected during Case Study #3
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Figure 8a. Figure 8b.
Figure 8a and 8b Scanned data from Case Study #4.

The three building project case studies vary in terms of $imgs and types; providing a test bed
to evaluate the generality of the overall formalism.e $nditions were also quite different in
all three job sites. The first two job sites (Figures 6 ander® moderately congested and there
were fewer temporary structures and less material stordteaité. The third job site (Figure 8)
was highly congested due to the fact that the site footprinsma#i and was tightly bounded on
all four sides. As a result, a significant amount of matevasd stored on the site. In addition,
since most of the work was cast-in-place, the last job siteidadl a significant number of
temporary structures, such as shoring and formwork to bedshame staged at the site. These
observations further emphasize the need and the approach for devébopiabinspection and
scan plans prior to any data collection process.

The designs of the first two building sites were very diffeteanh the third site. The first two
were mostly steel structures including a large number ofpooents that were small in size,
such as anchor bolts, x-braces, and girts, and the constructioricspiecié required reasoning
about the location of these small components. The third project eshefstnostly cast-in-place
concrete components with challenges associated with the regsaimdut the locations and
shapes of temporary structures and rebar.

The data collection efforts mostly occurred during the Septeihbech time frame, with highly

different temperature ranges, varying from -7 °C to 30 °C, anab$idting surface conditions of
the site varying from a finished surface to muddy, icy, and unevdacsur These further
challenged the data collection and data analysis processes as desc3b¢dmal [46].

Our higher level formalism for automated quality control worked \velall of these highly

different cases with varying complexities. This suggests gmnerality of our approach for the
structural and enclosure elements within the commercial buildimgtiwiction domain. In

certain cases, our approach has lead to more efficient datatiooll@nd processing. For
example, during a data collection effort in the second case, ¢hieasittwenty-three information
goals and two hundred forty-six obstacle vertices. Given a fouwvdarfinute estimate to scan,
it would take approximately one and a half hours to scan eaclogoal Sensor planning took
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forty-three seconds to generate a sensing plan with seven sttsiigns. Scanning from the
sensor plan would take approximately thirty minutes [34].

Example of deviations identified in the case studies:

In these case studies, we have identified several types ofidesiatAn example of a coarse
level deviation identified was related to a design change thathetasaptured in the design
documents. Figure 9a shows the design model of a portion of a ramuig plant. The
original design shows three windows and an opening for a loading degire Bb show the
original design and the as-built data collected from laser scamman integrated way. As the
as-built model shows, none of the window or loading deck openingsdtitgd in the original
design exist in the final conditions at the site.
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Figure 9a. Original design model of a portion Figure 9b. Integrated view of design and as-built
of the site models with deviations highlighted

Figure 9. Examples of design change related deviations identified in Case Study #2

In addition to obvious coarse level deviations, we have also succesdgritified many small
scale deviations that would be harder to identify without using tmealsm described in this
paper, and yet would have important implications about the performancdaaility. An
example of such a deviation is changes in the surface and thickoéssesll or a column as
shown in Figure 10. Such deviations not only have aesthetic issuessdpbaskible structural
implications, such as not being able to provide minimum concrete covefragmforcing steel
specified by specifications like ACI 318 [47]. When creating a cast-in-glacerete wall, forces
being applied to the wall's formwork during concrete-placement ead to movements and
deflection in the formwork. Among others, ACI 347 [48] identifies tfegl to inspect formwork
during and after concrete placement to detect abnormal deflectiastber signs of imminent
failure that could be corrected”, “failure to construct formwaorkaccordance with the form
drawings”, and *“lack of proper field inspection by qualified perdonsnsure that form design
has been properly interpreted by form builders” as common construcfiocieniges. Thus, such
deviations in the formwork can go undetected. Also, when the formwork én#igroduct is
inspected, usually only sparse measurements are performed, i.e., tely @oints on the
formwork or the final product are checked. When using laser-scaneaigology, a more
comprehensive check can be performed, because more points are m@amuredulting 3D as-
built model can be overlaid with the 3D-design model and deviations witaimvall’s surface
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can be shown, rather than only deviations at certain points. Tlogvsalfor a more
comprehensive identification of deviations. Additional tests, like chgcttie actual concrete
coverage in areas with alarming deviations, can be performedededeand, if necessary,
immediate measures to counteract certain deviations or to rgaolblems can be introduced.
Figure 10 shows such surface deviations identified on cast-in-ptaxc#ete elements in case
study #2.

Figure 10. Surface deviations identified through overlaying design and as-built models

In addition to the deviations identified using laser scanners, we &lgeeidentified some

deviations using embedded sensors. In the small foot bridge pwgaised three types of
embedded temperature sensors for evaluation. The selected sensdraa@ording to how data
was collected: wirelessly, wired with integrated data logged wired with external data logger.
The details of the embedded sensors utilized and the technologidarnmmerces and

assessments of those sensors are provided in [46]. Duringaleistudy, we identified that a
different concrete was used on a grade beam than was spégifradnitoring its temperature
over time and comparing that to the temperature-time factorlapede for a sample of the
expected concrete. Figure 11 shows the strength predicted bingphly maturity method with

the use of data collected from temperature sensors embedded within concpaiaerts
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Figure 11. An example of a design change related deviation identified in Case Study #1 using
embedded temperature sensors

5. Conclusions and future work

Reality capture technologies have matured sufficiently to bieadilfor as-built data collection
on construction sites. These technologies can be leveraged to érgnaject quality control
processes. A formalism is needed to utilize these technologies effgetiebto analyze the data
collected from these instruments to enable active quality cont@lr formalism for using
advanced sensor systems and integrated project models for actig coatrol includes five
basic process steps: creating as-planned project model informedgatifyiing inspection goals,
inspection planning, data collection, and defect detection and management. Otioutihzéne
formalism on four construction sites suggests that the generalibhe averall approach and its
possible technical effectiveness in data collection and deviatiorctidete Future research
includes further refining the algorithms implemented in support of fbrsnalism and
incorporation of other reality capture technologies to the automatddyqgeontrol framework.
In addition, we hope to perform detailed studies on assessingosiieeffectiveness of the
formalism described in this paper.
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